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INTRODUCTION
One of the most critical environmental issues confronting mankind into the foreseeable future remains the ominous spectre of climate change, in particular the pace at which impacts will occur and our capacity to adapt. Sea level rise is one of the key artefacts of climate change that will have profound impacts on global coastal populations (Nicholls and Cazenave, 2010) .
Although extensive research has been undertaken into sea level rise, there remains considerable conjecture and scientific debate about the temporal changes in mean sea level and the climatic and associated physical forcings responsible for them (Watson, 2015a) . Of keen interest is whether there is a measurable acceleration in ocean water level records (e.g., Baart, Van Koningsveld, and Stive, 2011; Donoghue and Parkinson, 2011; Houston and Dean, 2011a; Houston and Dean, 2011b; Rahmstorf and Vermeer, 2011; Visser, Dangendorf, and Petersen, 2015; Watson, 2011] , a feature central to projections based on the current knowledge of climate science (Stocker et al., 2013) . In particular, the published works of Watson (2011) and Houston and Dean (2011a) generated extensive political, social and media debate around the issue.
Much of the professional debate concerns the manner in which acceleration is estimated. Almost exclusively, estimates of acceleration in global or basin scale mean sea level studies have been derived from the ubiquitous simplicity afforded by doubling the quadratic coefficient after fitting a second order polynomial function (e.g., Church and White, 2006; 2011; Douglas, 1992; 1997; Hay et al., 2015; Houston and Dean, 2011a; Jevrejeva et al., 2006; 2008; .
Other techniques applied infer acceleration as a change in the average velocity between differing time slices (e.g., Bindoff et al., 2007; Calafat and Chambers, 2013; Hansen, Aagaard, and Binderup, 2012; Kemp et al., 2009; Merrifield, Merrifield, and Mitchum, 2009 ). Both techniques are comparatively limited, especially the fitting of a second order polynomial whose acceleration term assumes a constant rate of acceleration applies over the course of the record.
It's well understood that long records and global mean sea level reconstructions contain well recognized signatures of positive and negative "inflexions" (Woodworth et al., 2009) as well as key influences driven ostensibly by climate modes (Cazenave et al., 2012; Fasullo et al., 2013; Hamlington et al., 2013) .
As a result, acceleration determined through simple quadratic fits are likely to be unduly influenced by the particular time slice chosen (Rahmstorf and Vermeer, 2011) . These comparatively simple approaches work well at a coarse scale where real-time changes in these key characteristics are unimportant.
However, the importance of mean sea level acceleration and its intrinsic linkages to climate change science, demand more sophisticated measures and tools. Improving knowledge of acceleration in mean sea level lies principally with improving the temporal resolution of the trend signal. This is no trivial task given that ocean water level records are a complex composite of numerous dynamic influences of largely oceanographic, atmospheric or gravitational origins operating on differing temporal and spatial scales, superimposed on a comparatively low amplitude signal of sea level rise driven by climate change influences (Watson, 2015a) .
The mean sea level (or trend) signal results directly from a change in volume of the ocean attributable principally to melting of snow and ice reserves bounded above sea level (directly adding water), and thermal expansion of the ocean water mass. This low amplitude, non-linear, non-stationary signal is quite distinct from all other known dynamic processes that influence the ocean water surface which, are considered to be stationary; that is, they cause the water surface to respond on differing scales and frequencies, but do not change the volume of the water mass.
Improved real-time knowledge of velocity and acceleration rests entirely with improving the temporal resolution of the mean sea level signal. Therefore it is essential to use enhanced time series analysis techniques to better isolate noise and remove the key contaminating signals that influence such records at inter-annual to decadal (and longer) timescales, revealing a more "refined" trend signal.
From this improved signal, the first and second differences provide real-time estimates of velocity and acceleration that are far more instructive in readily identifying key physical changes in mean sea level over time.
Background
Watson (2015b) provided the most extensive appraisal yet of time series analysis techniques for their utility to isolate the trend with improved temporal accuracy from conventional, long, individual ocean water level data sets. A broad range of analytical techniques were tested including linear and polynomial regression, LOESS smoothing, smoothing splines, moving averages, structural models, digital filters, singular spectrum analysis (SSA), empirical mode decomposition, wavelets and their respective derivatives. Sensitivity testing around key parametrization was undertaken to optimize performance of each of the analytics specifically for application with conventional ocean water level data.
In total some 1450 separate analyses were applied to a complex synthetic data set (Watson, 2015a) , resulting in 21 million individual time series analyses. Key findings from this analysis were that enhanced accuracy in resolving the temporal resolution of the trend were achieved through the use of longer, annual average data, coupled with the use of so called "data adaptive" analytics, in particular, SSA and multi-resolution wavelet decomposition. SSA is more instructive and convenient for the process in hand given the techniques enhanced capability to seperate key harmonic components of the time series.
SSA is a powerful data adaptive technique capable of decomposing the observed time series into the sum of interpretable components with no a priori information about the time series structure (Alexandrov et al., 2012; Golyandina and Zhigljavsky, 2013) . Based upon detailed analysis of numerous long records in the Permanent Service for Mean Sea Level (PSMSL) data holdings (Holgate et al., 2012) , Watson has optimized the parameterization and performance of SSA to isolate the mean sea level (or trend) signal from long ocean water level data sets with improved accuracy.
The long annual average record at San Francisco, USA has been used to highlight the application and utility of the analytical approach within this paper.
METHODS
There are 4 key steps involved in isolating the trend signal from long individual ocean water level records with improved temporal resolution and improving estimates of the associated real-time (or instantaneous) velocity and acceleration.
Step 1: Gap Filling. In order to perform SSA, the time series data under consideration must be complete. Thus the initial step in the process involves filling any gaps in the annual average time series record under consideration. Although the San Francisco record used in this paper is one of the longer, more complete records available world-wide, there is a small gap in the time series for 2012. Numerous methods are available for gap filling time series data however, for ocean water level records it is recommended to fill the gaps using SSA and recurrent forecasts from complete parts of the record (Golyandina and Osipov, 2007) . This process has been undertaken for the San Francisco record by reconstructing the gap from the combination of SSA components in which the peak vely, corresponding to peak structures evident in the complete parts of the record can be used to forecast with greater precision across the data gap.
Step 2: Isolating Trend Using SSA. Once gap filling has been completed, the time series is then decomposed using 1D-SSA via the "Rssa" Package in R (Golyandina et al., 2015) . The main step of the SSA method is the singular decomposition of the so-called series trajectory matrix. The time series is decomposed into a series of components of slowly varying trend, oscillatory components with variable amplitude and a structureless noise (Golyandina, Nekrutkin, and Zhigljavsky, 2001) , with components ranked in order of their contribution to the original time series.
The trend can be isolated by reconstructing only the components that possess distinctly "trend-like" characteristics. Analysis of numerous long ocean records in the data holdings of the PSMSL demonstrate trend components are isolated effective components can be automatically detected (Alexandrov and Golyandina, 2005) and reconstructed via the Rssa Package. In the case of the gap-filled San Francisco time series, the first and second components of the SSA decomposition form the trend (or relative mean sea level) signal (Figure 1 ).
Step 3: Estimating Real-Time Velocity and Acceleration. A cubic smoothing spline is then fitted to the trend determined in Step 2 to estimate the real-time or instantaneous velocities and accelerations corresponding to each data point in the original time series. As the trend by definition is comparatively smooth, the fitted smoothing spline has been limited to 1 degree of freedom for every 8 data points. The coefficient of determination (R 2 ) between the SSA derived trend and the fitted cubic smoothing spline for the San Francisco record exceeds 0.9999, representing a near mathematically perfect model fit.
The instantaneous velocity and accelerations can be readily estimated from the first and second derivatives of the fitted smoothing spline, respectively. However, care is required in fitting smoothing splines and deriving second derivatives near the end of the time series. The reason for this is that the knots at the end of a fitted cubic smoothing spline are fixed in order to be differentiable, resulting in a second derivative at the ends which must converge to zero. For this reason, the first and last three derived acceleration points on the time series will likely have reduced accuracy and should not be included in the analysis. Step 4: Calculation of Errors. Errors in estimating the trend and associated instantaneous velocity and accelerations have been determined using block bootstrapping techniques with 10,000 iterations. This process initially involves fitting an autoregressive time series model to remove the serial correlation in the residuals between the SSA derived trend and the gap filled time series (Forster and Brown, 2015) .
The uncorrelated residuals are then tested to identify change points in the statistical variance along the time series using the "Changepoint" Package in R (Killick and Eckley, 2014) . A changepoint was not detected for the San Francisco record. However, in a time series where there is a changepoint detected in the variance, the recommended procedure involves block bootstrapping of residuals quarantined between identified variance change points and then adding the sections to the SSA derived trend prior to running steps 2 and 3 some 10,000 times. The standard deviations are then readily calculated for the trend and associated velocity and accelerations from which to directly derive confidence intervals (CI).
RESULTS
The application of the advised methodology to the long San Francisco tide gauge record is graphically depicted at Figure 2 . Whilst the record provides very clear evidence of significant relative sea level rise, of the order of 189 ± 52 mm (95% CI) over the course of the historical record, it is clear that the rate at which relative mean sea level has risen has fluctuated substantially over this period. Despite this rise, there is evidence of a fall in the mean signal of the order of around 9 mm between 1880 and 1901.
Interestingly the peak instantaneous velocity of 2.5 ± 1.0 mm/yr (95% CI) occurred early in the record (1863). The second highest velocity of 2.3 ± 0.6 mm/yr (95% CI) occurred in a block between 1950 and 1980, falling moderately to present day (2014) where the velocity is currently 1.6 ± 0.9 mm/yr (95% CI). Another interesting artefact of the velocity time series is that the last time the mean velocity was as low as present was in 1922.
The peak instantaneous acceleration of 0.09 ± 0.03 mm/yr 2 (95% CI) occurred in 1901. However, over the period from 1928 to present, the instantaneous acceleration has not been statistically different to zero at the 95% confidence level.
DISCUSSION
The methodology advised in this paper and "road-tested" against the long San Francisco record, highlight the enhanced level of information which can be gleaned from the real-time (or instantaneous) velocity and acceleration derived from more accurate isolation of the relative mean sea level signal.
In reality the search for acceleration in any particular record need not be restricted to inspection of the instantaneous accelerations alone. Although this provides some instruction, an acceleration might also be inferred by considering whether or not peaks in the instantaneous velocity time series are increasing, becoming more sustained or abnormal over time in the context of the historical record. The decomposition of the San Francisco record highlights the virtue of considering acceleration from this new perspective, particularly when the mean sea level signal is dynamically changing over time.
Although this methodology provides enhanced levels of temporal understanding of the mean sea level trend signal, caution should be exercised in interpreting results as the quality of the data sets generally degrades (and in some cases substantially) back through time due to numerous factors that include technology and record keeping. Although the technique is based on relative mean sea level changes, the information gleaned could be further enhanced through consideration of land form movements (where relevant), particularly as the length of collocated continuous GPS measurements increases.
CONCLUSION
Based on extensive testing of time series analytics against the variety of complex signals and noise embedded within ocean water level data sets, SSA has proved an optimum choice for resolving the trend component with improved temporal precision for long, individual records (Watson, 2015a; 2015b) .
These improved techniques are far more instructive than traditional methods used to date and provide a refreshing pathway forward to resolve some of the considerable ongoing professional debates over measures of acceleration in mean sea level records. This procedure is currently being developed into an analytical package for sea level researchers and is scheduled for release in 2016 as part of the R Project for Statistical Computing (R Development Core Team, 2015) .
By enhancing the temporal resolution of the mean sea level signal, researchers can be more confident of identifying real changes to this signal at the earliest possible point in time which in turn might indicate the realisation of key climate change thresholds. These techniques will improve understanding of regional (and more localised) scales of sea level rise influence to better inform adaptation planning for this threat around the coastlines of the world.
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